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Objective. To highlight key methodological issues in studying insurance dynamics
and to compare estimates across two commonly used surveys.
Data Sources/Study Setting. Nonelderly uninsured adults and children sampled
between 2001 and 2011 in the Medical Expenditure Panel Survey and the Survey of
Income and Program Participation.
Study Design. We utilized nonparametric Kaplan–Meier methods to estimate quan-
tiles (25th, 50th, and 75th percentiles) in the distribution of uninsured spells. We com-
pared estimates obtained across surveys and across different methodological
approaches to address issues like attrition, seam bias, censoring and truncation, and
survey weighting method.
Data Collection/ExtractionMethods. All data were drawn from publicly available
household surveys.
Principal Findings. Estimated uninsured spell durations in the MEPS were longer than
those observed in the SIPP. There were few changes in spell durations between 2001 and
2011, with median durations of 14 months among adults and 5–7 months among children
in the MEPS, and 8 months (adults) and 4 months (children) in the SIPP.
Conclusions. The use of panel survey data to study insurance dynamics presents a
unique set of methodological challenges. Researchers should consider key analytic and
survey design trade-offs when choosing which survey can best suit their research goals.
Key Words. Health insurance, survival methods, duration models, survey
methods

Insurance coverage estimates from household surveys are an important input
into the policy making process. For example, state estimates on the share of
the nonelderly population without health insurance have been used by Con-
gress to set funding levels for the State Children’s Health Insurance Program,
and they also serve as a key input to formulas that determine uncompensated
care payments to hospitals (Davern and Blewett 2007; Graves 2012). More
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recently there has been interest in using survey data to assess how the Afford-
able Care Act (ACA) is changing the U.S. health insurance landscape (Car-
man and Eibner 2014; Long, Zuckerman, and Kenney 2014; Sommers et al.
2014).

The vast majority of research on insurance utilizes estimates on the share
of the population with or without coverage at a point-in-time. However, for
policy making and evaluation purposes it is also important to understand the
dynamic processes generating coverage patterns. For example, successful
ongoing implementation of the ACAwill depend on identifying and enrolling
people who remain without insurance. If those remaining uninsured are with-
out coverage for short periods, then greater emphasis could be placed on out-
reach efforts that highlight the use of health insurance exchanges for
transitional coverage. By contrast, if those remaining uninsured are predomi-
nantly in long spells, then achieving further coverage gains may require ree-
valuating the generosity of subsidies to make insurance more affordable
(Graves and Swartz 2012, 2013).

Obtaining accurate estimates of insurance dynamics is challenging due to
methodological issues researchers face when using longitudinal household sur-
veys. These issues—including attrition, censoring, truncation, seam bias, and the
choice of survey weights—are in addition to the well-documented challenges of
estimating coverage rates at a point-in-time (Swartz 1986; Davern et al. 2004,
2007; Call, Davern, and Blewett 2007; Call et al. 2008). To date, however, an
overview of these methodological issues and how they manifest in commonly
used panel surveys does not exist in the health services literature.

Our study’s primary objective is to provide researchers with an over-
view of the methodological issues faced when using longitudinal survey data
to study insurance dynamics. We use this discussion as an opportunity to high-
light and test how both survey design and analytic choices may affect estimates
of uninsured spell durations across the two most widely used longitudinal sur-
veys, the Survey of Income and Program Participation (SIPP) and theMedical
Expenditure Panel Survey (MEPS). Specifically, using 2001–2011 SIPP and
MEPS data, we show how estimates of uninsured spell durations differ across
the two surveys and compare the robustness of estimates to different method-
ological approaches.
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University School of Medicine, 2525 West End Avenue, Suite 1200, Nashville, TN 37203-1738;
e-mail: john.graves@vanderbilt.edu. PranitaMishra, M.P.P., is with theDepartment of Health Pol-
icy, Vanderbilt University School ofMedicine, Nashville, TN.
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Background

Most studies of insurance dynamics draw upon a class of methods known as
survival or event history methods. In contrast to approaches that focus on the
population distribution of people with or without insurance, event history
methods focus on the distribution of insured or uninsured spells themselves.
That is, the research emphasis is on understanding (un)insurance as an event
rather than as a characteristic.

Quantities of research interest in a study on insurance dynamics could
be quantiles in the distribution of spell durations (e.g., the median uninsured
spell length), estimates of how the likelihood of leaving an uninsured spell
evolves as a function of time, or the influence of key variables (such as expo-
sure to a policy change) on the probability (i.e., “hazard”) of losing or gaining
insurance.

The logistical and budgetary barriers to recruiting a nationally represen-
tative cohort are substantial, so estimating these quantities often requires retro-
spective use of household surveys. Previous research has demonstrated that
cross-sectional insurance estimates differ across commonly used surveys (Call,
Davern, and Blewett 2007; State Health Access Data Assistance Center,
2010). There are a number of explanations for this variation, including differ-
ences in survey reference periods, undercounts of individuals enrolled in
Medicaid, and alternative techniques for data editing and imputation (Davern
et al. 2004, 2007; Call, Davern, and Blewett 2007; State Health Access Data
Assistance Center 2010).

The use of panel surveys to study coverage dynamics presents a
unique set of additional challenges. As detailed below, these challenges
range from the influence of sample attrition to the theoretical properties of
spells and how they are sampled in a population. While beyond the scope
of our study, researchers also face methodological choices in whether to
assume a parametric form for the underlying distribution of spells, and in
whether and how to account for unobserved heterogeneity in their models
(Lancaster 1992).

Past research efforts differ in how they address these challenges.
Swartz and McBride (1990) utilize nonparametric life-table methods on
incident uninsured spells (i.e., spells with observed beginnings) in the 1984
SIPP and find median durations of about 4 months. Later parametric mod-
eling using the 1984 SIPP was influential in highlighting the importance of
length bias (discussed below) when the analytic sample includes uninsured
spells already in progress at the beginning of the survey (Swartz, McBride,
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and Marcotte 1993). Similarly, research by Cutler and Gelber (2009) uti-
lizes competing risks models on SIPP data to examine how rates of exit
from uninsured spells to private and public coverage evolved from 1983–
1987 to 2001–2004. Most recently, Graves and Swartz (2012) utilize non-
parametric survival methods and SIPP data to demonstrate how the 2006
Massachusetts reforms impacted the duration of uninsured spells. Our
study adds to this small but influential literature by highlighting recent
trends in uninsured spell dynamics and by demonstrating how survey
features and analytic choices may impact estimates in two of the most
commonly used surveys.

DATA ANDMETHODS

Data

We utilize self-reported data on insurance coverage in each month from the
2001, 2004, and 2008 panels of the SIPP and panels 6 through 15 of the
MEPS. The SIPP is a nationally representative panel survey of U.S. house-
holds conducted by the Census Bureau (U.S. Census Bureau, 2001). Respond-
ing households are interviewed in person at baseline and then by phone or in
person every 4 months for up to 4 years.

The MEPS is a household survey sponsored by the Agency for Health-
care Research and Quality. It utilizes an overlapping panel design with a new
2-year panel drawn annually from the sampling frame of the previous year’s
National Health Interview Survey (NHIS) (Cohen 1997). This design stands
in contrast to the SIPP, which has a single panel in the field at any given time.
MEPS households are surveyed in person five times, with interviews spaced,
on average, about 6 months apart.

Our analytic sample includes nonelderly adults ages 18–61 years who
do not age intoMedicare while in the survey, and children under 18 years old.
Because the 2008 SIPP was not fielded until September 2008, we exclude
MEPS respondents whose uninsured spells began between January and
August 2008. Similarly, MEPS data beyond 2011 were not available at the
time of our study, so our sample excludes SIPP spells that began after Decem-
ber 2011.

To facilitate comparisons across surveys we assign observations in each
MEPS panel to one of three periods depending on when their uninsured spell
began: 2001–2003, 2004–2007, and 2008–2011.
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Methodological Considerations

Unit Nonresponse and Attrition. Nearly every longitudinal survey suffers from
sample attrition, and the SIPP and MEPS are no exception. SIPP response
rates are about 90 percent in each round, yielding an overall loss of 25 percent
in the 2001 panel, 62 percent in the 2004 sample, and 23 percent in the 2008
panel (U.S. Census Bureau, 2009).1 By contrast, there is much less attrition in
the MEPS, with 2-year cumulative attrition rates averaging between 1.5 and
2.3 percent in our nonelderly sample. This difference between surveys is
explained in part by the longer panel length of the SIPP (3–4 years) versus the
MEPS (2 years). However, even the 2-year SIPP nonresponse rate (roughly
13 percent in our sample) is much higher than the MEPS.2 This difference
likely stems from the fact that the MEPS is sampled from respondents to the
previous year’s National Health Interview Survey (NHIS). That is, because
MEPS respondents have previously participated in a household survey, they
may have observable (and unobservable) characteristics that make them
significantly less likely to drop out.

To illustrate these issues and how they may affect estimates of insurance
dynamics, Figure 1 plots each panel sample size over time. Each polygon rep-
resents a distinct survey panel, with the height scaled proportionately to reflect
the contribution of that panel to our overall sample. We adjust the height of
each polygon downward in each year based on attrition.

Several important observations emerge from Figure 1. First, the
nonoverlapping nature of the SIPP indicates that estimates of insurance transi-
tions are estimated using the sample of households remaining after each
round. By contrast, the first year of each new MEPS panel overlaps with the
second of a previous MEPS panel. This overlapping design results in a new
MEPS panel sampled in each calendar year.

These contrasting sampling designs could impact estimates of unin-
sured spell durations. Previous research on SIPP respondents matched
with administrative income data has shown that young (age: 18–24) indi-
viduals with nonpositive earnings are more likely to drop out (Czajka,
Mabli, and Cody 2008). Moreover, both the MEPS and SIPP oversample
individuals likely to participate in public programs. These individuals have
been shown to have less stable housing situations relative to the general
population, and therefore may be more likely to drop out of the survey
(Kauff, Olsen, and Fraker 2002). As income, age, and participation in pub-
lic assistance programs are well-known correlates of insurance coverage
(Fronstin 2010), samples that restrict to individuals observed for the full
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panel may yield biased estimates if insurance transitions are drawn from a
sample of households with systematically different traits.3 For example,
Short, Graefe, and Schoen (2003) find evidence that the sample of fully
observed 1996 SIPP respondents had a lower point-in-time uninsured rate
than the full sample. This finding is consistent with the hypothesis that
respondents with less stable income and housing situations are more likely
to drop out. We discuss the trade-offs to restricting samples to fully
observed respondents in the section on survey weights below.

Censoring and Truncation. When studying insurance dynamics it is important
to consider that spell durations observed in longitudinal surveys are not ran-
dom samples from the distribution of spells. This is true even if the underlying
data are drawn from a random sample of households. For instance, if an

Figure 1: This Figure Plots the Relative Contribution of Each Survey
Panel for the 2001–2011 Study Period

Notes. In the figure, each polygon represents a distinct survey panel, with the initial height scaled to
reflect the original panel sample size. As each panel progresses over time (measured along the
X-axis), the height of each panel’s polygon is adjusted downward to reflect attrition from the origi-
nal sample. The gap between the second and third SIPP polygons represents the 7-month lag
between the end of SIPP 2004 and the start of SIPP 2008.
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individual’s longitudinal data end before their spell completes, that spell is
right-censored. To obtain unbiased estimates of spell durations, researchers
must take care to account for right censoring in their analysis (Swartz and
McBride 1990; Swartz, McBride, and Marcotte 1993; Klein and Moeschber-
ger 2003). Otherwise, treating the last observation month as the “end” of a
spell will lead to underestimates of spell durations.

Fortunately, most event history methods are designed to account for
right censoring. Moreover, the presence of censoring will not lead to biased
estimates as long as the censoring mechanism is unrelated to the event of inter-
est (Cox and Oakes 1984). The presence of a large amount of right censoring
can still pose a hurdle, however, as it can potentially restrict the set of quanti-
ties that can be estimated. For instance, obtaining nonparametric estimates of
median spell durations may not be possible if well over half of the spells have
no observed ending. This is a particularly important consideration for
researchers considering the use of surveys (like the MEPS) with shorter
follow-up periods.

In contrast to approaches that include right-censored spells, the inclu-
sion of spells already in progress at the beginning of a survey poses more sig-
nificant methodological trade-offs. As detailed by Swartz, McBride, and
Marcotte (1993), and as illustrated in other contexts (Wolfson et al. 2001;
Asgharian, M’Lan, and Wolfson 2002; de Una-Alvarez 2004), these spells
known to be length-biased. Unlike left censoring, which would occur if an
uninsured spell concludes before observation of a given individual begins,
spells in progress at the beginning of a survey are left-truncated as the spell is
observed from a delayed entry time (Boudreau 2003).4 By definition, these
spells have not concluded by the time the individual enters the survey; thus,
they are disproportionately representative of individuals in longer spells. Fail-
ure to account for this statistical feature may lead to biased estimates of
hazards and spell durations (Wolfson et al. 2001).

When considering whether to include left-truncated spells, researchers
face trade-offs between efficiency gains from including more spell observa-
tions and the additional modeling assumptions required to obtain unbiased
estimates. Including left-truncated spells in the 2001–2011 MEPS, for exam-
ple, increases the sample size by about 48 percent, whereas in the SIPP the
sample increases by 39 percent. While including these observations can
improve estimation by adding valuable information for individuals in longer
spells, researchers must consider the additional modeling assumptions needed
to account for the theoretical properties of length-biased spells (Boudreau
2003). When using nonparametric methods, for example, the inclusion of
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left-truncated spells requires stationary assumptions on the underlying
data-generating processes if no information is available for when the spells
began (de Una-Alvarez 2002, 2004). That is, researchers must assume that the
process generating these spells is in equilibrium (Boudreau 2003). In the con-
text of studying spells without health insurance this may be unreasonable as
the factors that influence the incidence and duration of periods with and with-
out coverage can fluctuate for any number of reasons, including changes in
public policies and in response to macroeconomic conditions.

One potential solution is to adopt a parametric approach and use infor-
mation from freshly observed spells to model the data-generating process. In
practice, this amounts to adopting a maximum likelihood-based approach
with a separate likelihood function defined for left-truncated spells (Lancaster
1992). Even under that approach, however, equilibrium assumptions are nec-
essary when there is limited or no information on when each spell began
(Boudreau 2003).

The alternative to a fully parametric approach is to avoid left-truncated
spells altogether by simply restricting the sample to incident spells—that is,
spells with observed beginnings. We adopt this approach here, as our objec-
tive was to show how estimates from the SIPP and MEPS differ while mak-
ing the minimum necessary assumptions on the underlying data-generating
processes.

Survey Weights. While the use of survey weights is a disputed topic in the sur-
vey sampling literature (Lohr 1999), the use of sampling weights for the analy-
sis of insurance coverage is advised as most surveys are not simple random
samples of U.S. households. More generally, the use of weights is recom-
mended whenever the sampling design is “nonignorable” with regard to the
event or outcome of interest (Lohr 1999). As both the SIPP and MEPS over-
sample low-income and minority populations, and as both income and race/
ethnicity are widely regarded as correlates of insurance, the use of sampling
weights is advised. The choice researchers face is therefore not whether to use
weights, but which set of weights to use.

The public release of panel surveys like the SIPP and MEPS includes a
variety of weights, including cross-sectional (i.e., point-in-time) and longitudi-
nal weights. Cross-sectional weights allow for nationally representative analy-
ses of survey respondents at a point-in-time, while longitudinal weights
facilitate representative analyses of a population over a defined time period
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(e.g., a specific calendar year or over a multiyear panel) while also correcting
for attrition from the survey.

Both point-in-time and longitudinal weights include a “base” component
to account for the differential probability of initial selection. Base weights are
typically lower for respondents in groups sampled at higher rates. In addition,
most survey weights also incorporate further adjustments for unit nonre-
sponse and for departures of survey estimates from known population totals
(Lohr 1999).

The public release of the SIPP includes both calendar month cross-sec-
tional weights, as well as longitudinal weights defined for specific calendar
years and for the entire multiyear panel. The MEPS, by comparison, includes
a full-year weight that allows for point-in-time analyses of the population at
any time within a calendar year (and, for some variables, on December 31).
The MEPS also includes a longitudinal weight for representative analyses of
the population over the 2-year panel.

While the availability of longitudinal weights may appear appealing
for studies of insurance dynamics, these weights can be avoided if cross-sec-
tional weights are available (U.S. Census Bureau 2008a,b). While counterin-
tuitive, this may be a preferred strategy for two reasons. First, the added
value of longitudinal weights (i.e., adjustments for nonresponse over time)
may be redundant as most event history models already account for random
right censoring. Second, longitudinal weights are defined only for respon-
dents fully observed over the longitudinal time horizon. Thus, utilizing lon-
gitudinal weights effectively drops all other observations from the estimation
sample, reducing effective sample sizes. By definition, to maintain estimates
that are nationally representative, this increases the weight placed on fully
observed respondents—and any systematic differences between these
respondents and those who drop out must be accounted for either in the con-
struction of the longitudinal weights themselves, or through the use of con-
trols in a regression model.

As noted by the Census Bureau, an alternative approach is to weight
observations using the cross-sectional weight corresponding to the month
when an individual’s spell begins (U.S. Census Bureau 2008a,b). For the SIPP,
this amounts to utilizing the calendar month weight; for theMEPS, it amounts
to using the full-year weight for the panel year in which the spell begins. A key
advantage of this approach is that researchers can maximize sample sizes
while also correcting for the complex sampling design. In the 2004 SIPP, for
example, this method yields a final sample size that is four times larger than
using the longitudinally weighted full panel sample. We investigate the sensi-
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tivity of the use of longitudinal versus cross-sectional weights for uninsured
spell estimates below.

Seam Bias. Seam bias is the tendency of reported event transitions to
occur in the first month of the reference months covered in an inter-
view. For example, an individual who is asked in April to report her
insurance status in each month since January may report being unin-
sured during all 4 months, even though her uninsured spell actually
began in February. If that respondent had reported being insured in her
interview the previous December, then her uninsured spell would be
recorded as beginning in January—the “seam” month between the two
interviews.

Seam bias is a well-known issue in the SIPP (Young 1989; Kalton, Hill,
and Miller 1990; Czajka and Olsen 2000), which prompted the implementa-
tion of an extensive experimental research and development program at the
Census Bureau during the 2001 SIPP panel (Moore et al. 2008). As a result of
these efforts, the 2004 SIPP panel adopted dependent interviewing techniques
in several domains of the survey, including the section on health insurance
coverage.

Dependent interviewing is a surveying method to reduce seam bias
that uses an individual’s response from a previous interview as a starting
point for later interviews. That is, in the example above, rather than simply
ask about any insurance coverage in January through April, the surveyor
would instead remind the respondent about her reported coverage in
December, then ask if this coverage continued into January, February, and
so on. In that way, rather than dividing time into separate blocks of refer-
ence months, the survey instrument maintains a more natural temporal
sequence. The shift to dependent interviewing in the SIPP raises the ques-
tion of how this change may affect estimates of uninsured spells; this is a
question we take up in our results below.

By comparison, the MEPS has consistently used dependent interview-
ing for health insurance questions since the 1996 panel (Cohen 1997). More-
over, seam effects may also be less apparent in the MEPS because unlike in
the SIPP—which spaces out interviews precisely every 4 months—interviews
in the MEPS are more irregularly spaced. In the first year of MEPS Panel 10,
for example, 13 percent of second interviews occurred after 4 months, 22 per-
cent after 5 months, 30 percent after 6 months, and 13 percent after
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7 months; alternative patterns are observed for other MEPS panels. Thus, to
the extent seam bias issues affect MEPS estimates, their observed impact may
be attenuated to some degree because the seam effects are more distributed
across survey months.

Statistical Analysis

To investigate how the issues highlighted above manifest in both the SIPP and
MEPS, we utilize nonparametric Kaplan–Meier survival methods to estimate
the distribution of uninsured spell durations. One attractive feature of the
Kaplan–Meier method is that it does not require parametric assumptions
about the underlying distribution of hazards (Cox and Oakes 1984). This
allows us to estimate quantities of research interest with minimal additional
assumptions on the data-generating process.

Unless noted otherwise, all estimates are weighted using the calendar
time weight corresponding to the month in which the individual’s spell was
reported to have begun. We also examine only incident uninsured spells and
only one such spell per person. Standard errors and associated p-values are
constructed using replicate weights to account for the complex sampling
design of each survey.

RESULTS

Baseline Characteristics

Baseline characteristics of individuals with incident uninsured spells are
shown in Table 1. These characteristics were chosen to reflect stable (e.g., race,
gender) and easily predictable (e.g., age) attributes less prone to measurement
differences between the two surveys.

Compared to adults in the MEPS, uninsured SIPP respondents were
less white and more Hispanic. Interestingly, these differences were specific to
incident uninsured respondents and were not observed when comparing all
nonelderly adults and children across the two surveys (see Supplemental
Appendix). There were also statistically significant differences in the age distri-
bution among uninsured adults in the two surveys, though no systematic dif-
ference in age maintained over the three time periods. Among children there
were also few sustained differences in baseline characteristics, though for
2001–2003 and 2004–2007 uninsured spells in the MEPS tended to be
observed among older children.
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Uninsured Spell Durations

Figure 2 plots Kaplan–Meier curves of uninsured spell durations separately
for each survey, study period, and population cohort. A striking feature is the
sharp drop in the SIPP curves at each 4-month interval. Given previous evi-
dence of seam bias in the SIPP, these drops likely reflect the tendency of previ-
ously uninsured respondents to report new coverage changes at the beginning
of each 4-month reference period. Consequently, as individuals gain cover-
age, there is a tendency for spells to end after 4-month intervals.

Figure 2 also shows that seam transitions in the 2004–2007 SIPP curves
are less pronounced than in 2001–2003, particularly among children. As dis-
cussed above, the 2004 SIPP incorporated dependent interviewing into the
health insurance coverage questions. The visual evidence of shortened drops
in the 2004 SIPP is consistent with U.S. Census Bureau findings that the adop-
tion of dependent interviewing was associated with reductions in seam bias
(Moore et al. 2008). However, Figure 2 also shows pronounced drops in the
2008 panel, indicating evidence of persistent seam effects even after these sur-
veying changes.

Figure 2 also shows how nonparametric estimates of uninsured spell
durations compare across the two surveys. As seen in Table 2, in the 2001–
2003 and 2004–2007 periods, there are notable and statistically significant
differences in the Kaplan–Meier curves (p < .01 for adults and p < .01 for chil-

Figure 2: Kaplan–Meier Curves by Survey, Year, and Population Cohort
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dren), with shorter estimated spell durations in the SIPP. In 2008–2011, the
survival curves for children are more similar (p = .633); however, among the
adult sample in each time period a test of equality of curves is rejected at the
alpha = .05 level.

Quantile Estimates

The set of results under the “Cross-Sectional Weight” heading in Table 2 sum-
marize quantile estimates for the 25th, 50th, and 75th percentile of uninsured
spell durations; as the heading implies, these estimates weight observations
using the cross-sectional weight associated with the month in which their unin-
sured spell began. We estimate spells of about 4 months for adults and
2–4 months for children at the 25th percentile in both surveys.

The tendency of SIPP spell exits to occur in 4-month intervals results in
shorter estimated median spell durations compared to the MEPS. For exam-
ple, among adults in 2008–2011, we estimate median spell durations of
8 months using the SIPP, compared to a median of 14 months using the
MEPS. As roughly 40 percent of uninsured adults in the MEPS had not
gained coverage by the time their 24-month follow-up period ended, nonpara-
metric estimates of the 75th percentile were not available for the adult MEPS
cohorts. One exception is among children, where we estimate spell durations
of 16 months at the 75th percentile using the MEPS for 2001–2003 and
15 months for 2008–2011, compared to 8 months over the same time periods
using the SIPP.

Table 2 also shows how quantile estimates change over time. Notably,
among MEPS adults we find little evidence of changes in the distribution of
uninsured spells between 2001 and 2011. Among SIPP children, however, we
find statistically significant changes, with longer spells observed in the 2004–
2007 period.

Sensitivity to Weighting Method

The second panel of Table 2 reports estimated quantiles based on longitudinal
weights. For the SIPP, most of the sensitivity to the weighting method occurs
among adults in the upper quantiles of spell durations. At the 75th percentile
for nonelderly adult spells, longitudinal weighting results in estimates that are
3 months shorter compared to the cross-sectional weight estimates.

While the 25th percentile and 50th percentile estimated durations are
fairly robust to the weighting method used, an important consideration is the
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loss in efficiency from using longitudinal weights, particularly in the SIPP.
Table 3 summarizes the raw sample sizes under each weighting method. For
example, due to survey attrition and administrative censoring in the 2004 (be-
cause of budget cuts), the longitudinally weighted sample for adults is only
one-third the size of the sample using cross-sectional weights. This difference
in effective sample sizes reduces the power of studies that elect to either restrict
to fully observed individuals or that use longitudinal weights.

DISCUSSION

Understanding coverage dynamics is an important research goal, and the use
of longitudinal household surveys will be important for understanding how
these dynamics are changing in the United States. As we demonstrate here,
the use of such surveys presents a unique set of methodological challenges and
trade-offs. On the one hand, we find shorter estimated uninsured spell dura-
tions in the SIPP. The shorter SIPP durations may reflect seam bias, which
results in estimated spell exits that may be recorded to occur earlier than they
actually do. By comparison, we find that the influence of seam bias is less read-
ily apparent in the MEPS. This likely reflects the fact that (a) MEPS has con-
sistently adopted dependent interviewing methods to reduce seam bias; (b)
has more irregularly spaced interviews; and (c) is sampled from among people
with experience completing a comprehensive household survey.

While these factors may argue in favor of using the MEPS over the
SIPP, a significant limitation of the MEPS is that nonparametric estimates
were not possible due to the shorter longitudinal follow-up period. To the
extent that public policy and research interest is more focused on better under-

Table 3: Sample Sizes by Survey andWeight

SIPP MEPS

Calendar Longitudinal Calendar Longitudinal

Nonelderly adults
2001–2003 7,814 6,708 3,395 3,395
2004–2007 7,816 6,333 4,513 4,513
2008–2011 9,190 6,834 3,736 3,736
Children
2001–2003 4,513 4,002 1,633 1,633
2004–2007 5,318 4,488 2,214 2,214
2008–2011 6,311 4,638 1,471 1,471
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standing long spells and designing policies to reduce them, then the SIPP may
provide a better platform for understanding these dynamics, as such analyses
are not possible with the MEPS without making strong parametric assump-
tions. Thus, a natural extension of our study would be to compare how para-
metric estimates differ across the two surveys.

Finally, we find that the choice of cross-sectional versus longitudinal
weights does not materially affect estimates of spell durations for individuals in
shorter spells, but it does so for individuals in long spells. Specifically, the use of
longitudinal weights results in estimates that are 3 months shorter at the 75th
percentile.As longitudinalweightsareonlydefined for individuals inscopeover
the entire survey, this finding is consistent with the notion that these individuals
may be in more stable situations and have systematically different traits that
explain why they may experience shorter periods without health insurance.
Again, to the extent research interest ismore focused on reducing the incidence
of uninsured spells among people in these situations, then analyses should con-
sider theuseofcross-sectionalover longitudinalweights.
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NOTES

1. Though not due to nonresponse, the 2004 SIPP panel suffered an additional 58 per-
cent loss in sample for the final four rounds due to budget cuts initiated by the U.S.
Congress (as a compromise to the Bush administration’s request that the SIPP be
discontinued in 2007).

2. Differences in survey nonresponse could reflect differences in survey administration
(over the phone for SIPP waves ≥2; in person forMEPS) and the fact that theMEPS
respondents already have shown their willingness to participate in federal surveys
(as each panel is sampled from the previous year’s NHIS).

3. Moreover, accounting for these biases may require the use of parametric event his-
tory regression models, which in general require much stronger assumptions on the
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distribution of the error term than standard linear regression (Cox and Oakes 1984;
Cleves et al. 2008).

4. The distinction between left censoring and left truncation can be confusing because
the terms are often used inconsistently in the econometrics and statistical literatures.
For this paper, we adopt the (statistical literature) definition that truncation corre-
sponds to the initiation (i.e., t = 0) of a given spell not being observed, while censor-
ing (right and left) relates to the conclusion of the spell not being observed. That is,
left truncation corresponds to observation of a spell being switched “on,”while right
censoring corresponds to observation of a spell being switched “off” (Beyersmann,
Allignol, and Schumacher 2012). Similarly, left censoring relates to spells that have
switched “off” prior to observation.
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